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Abstract
Characterization of living tissue without the need for biopsies is the goal of several probe technologies such as Multi-
spectral Fluorescence Lifetime Imaging Microscopy. This technique measures the mixed response from the endogenous
ﬂuorophores within an organic sample. This response is decomposed into the individual response from every constituent
using a fully constrained linear unmixing algorithm: Blind End-member and Abundance Extraction (BEAE). Further
validation of the method is needed specially when dealing with real laboratory samples. Moreover, the BEAE method
incorporates a regularization parameter during the quadratic optimization procedure which has to be tuned to improve the
estimation accuracy. Diﬀerent values for the regularization parameter are tested using synthetic data at a signal-to-noise
ratio of 10 dB and 15 dB. The relative error against the ideal end-members for each component is measured. Results
show that the estimation accuracy in each end-member increases when the regularization parameter is around 0.75.
Blind decomposition of m-FLIM data from coronary samples is also performed for validation purposes. The extracted
ﬂuorescence decays are identiﬁed as collagen, elastin and LDL responses. Histopatology slides are used as reference to
validate the results. Synthetic simulation shows that the BEAE algorithm performs a more accurate estimation of the
end-members proﬁles due to the regularization term. Furthermore, analysis performed on ex-vivo samples match the
qualitative description provided by histopatology slides.
c© 2012 Published by Elsevier Ltd.
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1. Introduction
Fluorescence Lifetime Imaging Microscopy [1, 2, 3, 4] (FLIM) is a technology that aims to provide
painless and minimally invasive characterization of living tissue. FLIM data measures the ﬂuorescence
intensity decay from a sample in diﬀerent wavelength bands, namely 390 ± 20 nm, 452 ± 22.5 nm and
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550±20 nm. These measurements contain the mixed response emitted by endogenous ﬂuorescent molecules
contained in the imaged sample. Meaningful data is obtained by decomposing multi-spectral-FLIM (m-
FLIM) measurements into the ﬂuorescence intensity decay from each constituent component (end-members)
and their proportional concentrations [5, 6, 7].
The Linear mixture model [8, 9] states that ﬂuorescence decay mixtures yk,λ(t) are a linear combination
of the ﬂuorescence decay pn,λ(t) and fractional contributions (abundances) αk,n of each end-member. Given
a spatial position k and wavelength λ, over t = 1, . . . ,T time samples, the mixture data is modelled as
yk,λ(t) =
N∑
n=1
αk,npn,λ(t) ∀k = 1, . . . ,K, & λ = 1, . . . ,W, (1)
where K represents the total number of spatial measurements, N the number of end-members in the sample,
and W the number of wavelengths used in the experiment. The expression in (1) be rewritten in matrix
notation as
Y =
[
y1, . . . , yK
]
=
[
p1, . . . ,pN
]︸︷︷︸
P
[α1, . . . ,αK]︸︷︷︸
A
(2)
where yk,λ = [yk,λ(1) . . . yk,λ(T )]T contains all the measurements available at spatial location k and wave-
length λ, pn,λ = [pn,λ(1) . . . pn,λ(T )] deﬁnes a vector of the n-th end-member at wavelength λ. Meanwhile
pn = [pTn,1 . . . p
T
n,W ]
T and αk =
[
αk,1, · · · , αk,N]T stand for the end-embers and their abundances for the
n component and k spatial location, respectively. Finally, yk = [yTk,1 . . . y
T
k,W ]
T the overall measurement
vector at k spatial location, and deﬁne its length as D = W · T .
2. Blind End-member and Abundance Extraction
Given the measurements Y ∈ RD×K from the m-FLIM data, the blind end-member decomposition prob-
lem [10, 11, 12] consists of estimating the end-member proﬁles P ∈ RD×N and their corresponding abun-
dance A ∈ RN×K under component-wise non-negativity and sum-to-one constraints. The complete linear
unmixing problem for m-FLIM data can be written as:
min
P,A
1
2
‖Y − PA‖2F (3)
such that
αTk 1N =
N∑
n=1
αk,n = 1 ∀k (4)
αk,n ≥ 0 ∀k, n (5)
pTn 1D =
W∑
λ=1
T∑
t=1
pn,λ(t) = 1 ∀n (6)
pn,λ(t) ≥ 0 ∀n, λ, t, (7)
where ‖B‖F =
√
Trace
(
BTB
)
is the Frobenius norm, and 1X is a vector ﬁlled with ones of dimension X.
The Blind End-member and Abundance Extraction (BEAE) method [13] for m-FLIM data proposes to
solve at one step for the end-member proﬁles by the following quadratic optimization problem:
min
P0
J = min
P0
1
2
‖Y − PA‖2F + χT
(
PT1D − 1N
)
+ ρTrace
{
POPT
}
(8)
where χ ∈ RN is a vector of Lagrange multipliers associated to the sum-to-one constraint in 6, and O =
N IN − 1N1TN is a symmetric matrix related to teh regularization term. The BEAE method provides a closed-
form solution to estimate the end-member proﬁles given by
P =
(
ID − 1D1D1
T
D
)
YAT
(
AAT + ρO
)−1
+
1
D
1D1TN (9)
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where ID represents the identity matrix of D order.
The idea behind BEAE is to estimate the end-members by (9) and the abundances by using the con-
strained optimization (CO) approach in [14], in an alternating least squares [15] fashion. The overall itera-
tive methodology is reproduced in Algorithm 1.
Algorithm 1: Alternating Least Squares Procedure for Blind End-member and Abundance Extraction
on m-FLIM data
Given the number of components N, the m-FLIM mixture data in matrix Y and a tolerance parameter
.
1. Initialize the end-members matrix P0 according to a priori knowledge, for example randomly
selecting N linearly independent measurements from Y, or by the singular value decomposition
(SVD) of Y [11]. Verify that the selected initial end-members P0 satisfy the sum-to-one constraint
and non-negativity constraints in (6) and (7).
2. Estimate the optimal fractional concentrationsAi+1 by using the CO Algorithm in [14], taking Pi
and N as input data.
3. Calculate the optimal end-members matrix Pi+1 by using the closed-form solution in (9) withAi+1 as
input term.
4. Check for negative elements in matrix Pi+1. If any, project them to zero and re-normalize each
column in Pi+1.
5. Check for convergence of the optimal cost function in (8), if the decrement is not lower than a
threshold  continue to the next iteration and go to step 2), otherwise stop the iteration.
In the resulting optimal solution of (9), the regularization parameter ρ plays an important role, since it
aﬀects the inverse of a matrix. In [13], the impact of this term on the optimal end-members was not analysed
in detail. In this way, the next section presents an evaluation of this parameter with respect to the estimation
accuracy of the end-members for a synthetic scenario.
3. Inﬂuence of the Regularization Parameter
In this section, we study how the performance of BEAE is aﬀected by the regularization parameter
ρ. Computer simulations are performed using synthetic m-FLIM datasets build up from the ﬂuorescence
intensity decays of collagen, elastin and low density lipoproteins (LDL); obtained from [16]. A synthetic
abundance map designed to represent a highly mixed scenario is employed to generate the synthetic m-
FLIM dataset. The simulated concentrations are displayed in the top panel of Figure 1, the abundance map
obtained from a single experiment is shown in the lower panel. The corresponding end-member proﬁles
are displayed in Figure 2. The projection of the data and end-members into a lower dimensional subset is
helpful to appreciate the quality of the estimation, as can be seen in Figure 3. These results were obtained
from a synthetic m-FLIM dataset with a SNR of 15 dB and ρ = 0.75.
The regularization parameter in the cost function (8) is designed to penalize the distance between the
vertices of the N-dimensional simplex [17, 18]. If the regularization helps to improve the solution, then it
should be noticed in the estimation of the end-members. In addition, the mixtures produced along with the
extracted abundances should better explain the m-FLIM data under the constrains (4) to (7).
In order to illustrate the dependence of the estimation accuracy on the regularization term, a new evalua-
tion was conducted using diﬀerent values for ρ, from 0 to 20. For each experiment, white Gaussian noise was
added to the synthetic m-FLIM datasets, achieving a SNR of 10 dB and 15 dB. The noisy m-FLIM datasets
were later decomposed into end-members and their abundances using Algorithm 1. Twenty simulations
were performed for each value of ρ.
A percent relative error (PRE) is employed to measure the eﬀect on the solution provided by the BEAE
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Fig. 1. The top row shows the simulated abundance map, in a noise free scenario. White Gaussian noise was added for a signal-to-noise
ratio of 15 dB. The abundance map obtained using Algorithm 1 is displayed in the lower row for each component. This result was
obtained using ρ = 0.75
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Fig. 2. Comparison between the ideal proﬁles (collagen, elastin and LDL) and the end-member proﬁles extracted from a synthetic
m-FLIM data set using the BEAE Algorithm. This data was obtained from an experiment with SNR = 15 dB and ρ = 0.75
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Fig. 3. The m-FLIM dataset and extracted end-members projected into a 2-dimensional subset using Principal Component Analysis
for dimensional reductions. The blindly extracted components (green vertex) in this experiment are extremely close to the ideal
end-members (magenta vertex). As can be seen, the estimation encloses the projected data (black points) and therefore satisﬁes the
constraints in equations (4) and (5). This data was obtained from an experiment with SNR = 15 dB and ρ = 0.75.
algorithm, this error is deﬁned as
En = 100 ×
‖pn − p̂n‖22
‖pn‖22
∀n = 1, . . . ,N, (10)
where pn is the ideal end-member proﬁle and p̂n is the corresponding proﬁle extracted by the BEAE Algo-
rithm. The average PRE obtained in the simulations, with a SNR of 10 dB and 15 dB, is shown in Figures 4
and 5.
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Fig. 4. Average PRE of the estimated end-members collagen, elastin and LDL for SNR = 10 dB
These results illustrate the importance of selecting correctly the value of ρ, since for small or large
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Fig. 5. Average PRE of the estimated end-members collagen, elastin and LDL for SNR = 15 dB
regularization terms, the accuracy is clearly sacriﬁced. In this way, for SNR of 10 dB and 15 dB, the best
trade-oﬀ is found for ρ = 0.75, although a value in the interval 0.1 ≤ ρ ≤ 1 achieves satisfactory results.
4. Decomposition of Experimental Samples
End-member decomposition and abundance extraction of experimental m-FLIM datasets is performed to
provide quantitative characterization of living tissue. The synthetic experiments have been successful but the
BEAE algorithm must be able to provide solutions with biologically plausible solutions when dealing with
real samples.To test a real case scenario, three m-FLIM datasets were used to evaluate the BEAE algorithm.
These datasets were sampled from fresh post-mortem human coronary plaques, obtained from [19].
Additionally, histological sections from the post-mortem samples were taken in order to provide a qual-
itative reference. The abundance maps obtained are shown in Figure 6. The histopathology slides were
taken from the cross-section of the imaged samples, indicated by dotted black lines in the abundance maps.
The sample in the top row depicts regions with localized concentrations of collagen, elastin and LDL. The
histopatology slide also reﬂects a complex scenario with the presence of three ﬂuorophores.
The second specimen (middle section in Figure 6) portraits a tissue sample rich in elastin and LDL, two
sections corresponding to each auto-ﬂuorescent molecule are shown in the abundance map; its correspond-
ing histopathology shows diﬀerent regions dominated by elastin on the right, and lipids on the left side of
the sample. Some collagen rich regions are also detected in the central region of the sample.
Histopathology from the third sample (bottom panel in Figure 6) shows regions rich in elastin and
collagen. The abundance maps calculated certainly indicates two diﬀerent regions with a high proportional
concentration of collagen and elastin in the lower and upper sections, respectively. Small amounts of LDL
are also detected by the BEAE algorithm.
5. Discussion and Final Remarks
Experimental results show that the regularization parameter is helping the estimation of the end-member
proﬁles. The BEAE algorithm [13] performs the best when using a lower value for ρ, in the interval 0.1 to
1.0. Moreover, the histopatology slides from the ex-vivo samples conﬁrms that the qualitative description
from BEAE provides a good characterization of organic samples.
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Fig. 6. Representative histopathology slides (left panels) and estimated abundance maps (right panels) from three coronary samples
with high content of three endogenous ﬂuorophores: collagen, elastin and LDL.
As mentioned in Section 3, a value close to zero for ρ translates in a poorly estimation of the end-member
proﬁles due to the low constraint on the volume of the simplex. A high value of ρ leads to singularity
problems when solving for the inverse matrix (
AAT + ρO
)−1
(11)
inside the closed form solution from equation (9). In addition, estimation of the abundances is worse when ρ
has a high value. This is an expected result since a strong constraint in the distance between the end-member
proﬁles, will lead to estimate similar end-members (closer vertices).
Now that the regularization parameter ρ is correctly characterized, along with the tolerance parameter 
and the prior information on the number of components N, the BEAE algorithm is fully automated. How-
ever, diﬀerent applications will surely need a custom value for ρ. Nonetheless, it is expected to have a
global value that minimizes the PRE, as in Figs. 4 and 5. Hence during the implementation of the BEAE,
the optimal value of ρ has to be tuned.
Further research is required regarding the identiﬁcation of m-FLIM end-members extracted by BEAE,
which is a challenging problem due to high overlapping of the auto-ﬂuorescence end-members [13]. Nev-
ertheless, an intensity decays library is needed for reference and is under construction. Finally, only a few
ex-vivo samples have been analysed using the BEAE algorithm. Future research is focused in providing
more evidence of the validation of BEAE with non-synthetic samples.
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